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Abstract
This paper aims to explore the influence of daily news article sentiment as a predictor of the
returns on an investment. A daily sentiment score is developed, and it is used to augment five
commonly researched models, CAPM, Fama & French Three Factor, Carhart Four Factor, Fama
& French Five Factor, and Fama & French Five Factor with Momentum. The study looks at six
different securities over a five-year period. Along with this, two different variations of the factor
are looked at, one of which is a simple factor that scores days without an article as zero and
another that attempts to use a reduced value of previous scores instead of zero. Overall, the
research finds little evidence between the developed factors and the return on an investment. In
the end, it is suggested to use multiple news sources, and a more precise sentiment scoring
process in order to increase the accuracy of the sentiment factor and the study.

-1-

The Influence of News Sentiment on Common Asset Pricing Models
Honors Thesis for Liam Mahler

Introduction
Text based sentiment analysis has been a common point of study in financial research for almost
twenty years. The key question that arises in this study is whether sentiment is worth studying in
finance. Studies have almost exclusively shown that sentiment is an important contributor to
asset pricing models (Smales 2015, Allen 2019). However, sentiment on its own cannot be the
sole predictor of investment returns (Chau 2016). This helps to show value in my research, as it
is necessary to include factors other than news sentiment to properly predict returns of an
investment. As a result, it will be important to analyze my sentiment factor in the context of the
models that it is augmenting. Without this, a factor will be unlikely to provide a relevant amount
of predictive power.
It is also interesting to note that overall, the mean sentiment score for financial texts tend to be
negative as negatively scored articles tend to be more common overall (Allen 2019). As a result,
I will need to pay attention to the sentiment scores that I receive from my data. If I have a large
proportion of positive sentiment scores, I may need to adjust my scoring or transform my outputs
to be more closely in line with previous research’s findings. Notably, this negative sentiment
tends to have a greater effect on potential returns than positive sentiment does (Tetlock 2007).
This is interesting, because it means that there may be a benefit to scoring positive and negative
sentiment on different scales.
There has also been research on the differences between the predictive power of social media
sentiment and news sentiment. Yu (2013) finds that social media sentiment is typically more
predictive of overall returns, but the article only focuses on trends over a short three-month time
span. This is a potential source of error for my study and allows for potential extension work. In
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a similar study, it may be beneficial to examine sentiment from other sources outside of news
articles. As a result, I may see some error or a smaller increase in predictive power.
It has also been found that larger firms are more resistant to the effects of news sentiment when
compared to smaller firms (Ferguson et al. 2015). As a result, I expect to see small effects
demonstrated by the models that I am looking at. This could be because of multiple reasons, but
one may be the resistance of larger firms to news sentiment. In general, it will be important to
keep in mind the potential impact of the size of the companies in any news sentiment-based
study.
A large portion of the studies of sentiment analysis for asset pricing models focus on either the
Fama & French Three-Factor model, or the Capital Asset Pricing Model (CAPM) (Smales 2015,
Allen 2019). The literature shows that in general, sentiment is a good additional factor to add to
these models and that developing a good sentiment factor is key to model performance (Smales
2015, Allen 2019). However, in April of 2015, Eugene Fama and Ken French published their
new five factor asset pricing model which overall performs better than their three-factor model
(Fama, French 2015). It is also worth noting that Fama & French did not include John Carhart’s
momentum factor in their work. So far there has been little research done into the addition of
sentiment factors to their new model. However, one article provides substantial research into
sentiment as a sixth factor and it looks at Apple’s security as a case study and finds sentiment to
be a valuable addition (Lie, Budavari 2017). Apple’s security has also been included in this
paper to help assess the quality of the models and sentiment factor. I should expect to see my
results somewhat align with that of the previously completed study.

-3-

The Influence of News Sentiment on Common Asset Pricing Models
Honors Thesis for Liam Mahler

All of these models leverage ordinary least squares regression. As a result, comparing their
predictive power to my augmented versions will be relatively straightforward. When comparing
financial linear models, one of the best methods for measuring success is comparing adjusted R2
values (Balvers and Huang 2009). As a result, I will be judging success based on the change in
the adjusted R2 of the models. Along with this, the results of t-tests for the significance of the
coefficients of individual variables are commonly evaluated. While variable significance is
important, it will not be used as the primary success factor in this research, as I am attempting to
see if a model’s predictive power is increased by the inclusion of a sentiment factor.
Over the years, sentiment factors have been developed in many ways, some of the common
models for creating sentiment factors are naïve bayes, random forest, and support vector
machines (SVM). In the past, random forest and SVM have been shown to outperform the naïve
bayes classification method for financial texts (Mirsa and Dos 2018). However, naïve bayes
classification methods are still quite common in research. One commonly used model for
evaluating sentiment in text is the Textblob classifier (Loria 2018). The Textblob classifier
scores sentiment on a range from -1 (negative) to +1 (positive) with 0 representing a neutral
sentiment. The Textblob classifier has seen use in news article sentiment based studies in the past
and is shown to score articles accurately (Shekhawat 2019) As a result, I will be able to leverage
the Textblob classifier in order to have accurate results from the articles that I am using as a data
source.
While these methods tend to be the most common and traditional ways of accounting for
sentiment, there are also many fewer common approaches that have produced good results. One
example is creating a score that incorporates how confident the author of an article is, and how
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reliable the news source is (Fersini 2014). These less conventional methods can sometimes
outperform traditional methods, as Fersini’s does. As a result, it is be worth spending some time
attempting to build less conventional methods to compare to the common ones.
Another important part of sentiment analysis and scoring models are the time units they focus on.
Research shows that sentiment scores tend to perform better in shorter time frames and as the
length of time shown by a single data point grows, the predictive power tends to decrease (Deng
2018). My research focuses on a daily sentiment score, so this will not be a significant issue that
my project will face. All the existing models that I will be augmenting use daily returns as their
data units. While it would be better to compare hourly scores to the change in a firm’s stock
price, it is not necessary to produce an accurate model.
Overall, the main gaps in the research seem to be based around the Fama & French Five-Factor
model. This makes sense due to it being published recently. My research’s aim is to expand the
literature on the influence of a sentiment factor on the predictive power of the five-factor model.
Due to the recent release of the five-factor model, it is important that I also compare the results
of the five-factor model to that of the three-factor and CAPM models. This will allow for a better
understanding of my factor to be developed.

Methodology
My general approach for this project was to develop a daily sentiment factor from news articles
published to Bloomberg Finance and Bloomberg News. The factor is then used to produce linear
models. These models will all be augmented versions of common asset pricing models. I have
implemented my score as an additional factor to the CAPM model, the Fama & French ThreeFactor model, Carhart’s Four-Factor model, and the Fama & French Five-Factor model. The
-5-
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main measure of success is the adjusted R2 of my model compared to the model it is augmenting.
As all the studied models are linear regressions, the ordinary least squared estimates are also
included in the appendix for all models, both with and without the sentiment factor.
Data Preparation
To create the sentiment factor, first news articles had to be gathered. I chose to use a 5-year
horizon from January 1st, 2014 to December 31st, 2018. I then gathered archived news articles
through the EBSCO databases. All the gathered articles were originally published by Bloomberg
News or Bloomberg Finance. The data originally was exported as an XML file, but it was
reorganized into a simple delimited text file to improve ease of use.
I then gathered the text from every single news article I had obtained and organized them into a
data file based on the firm they were associated with. While doing this, I manually examined
each article to ensure that the articles were about the companies they were supposed to be about.
An example of an article I excluded was an article about apple orchard picking, as opposed to the
company Apple. While this was not a common occurrence, 89 of the original 1009 articles were
removed from the original dataset during manual inspection.
By this point, it was clear that my data was not going to be perfect. Many days over the span of
my timeframe had no articles published on them for some companies. Along with this, many of
the days that did have datapoints, had multiple articles published about a company. I first
investigated the issue of multiple articles being published on the same day for the same
company. The two best options available to me were to sum the scores of the articles, or to
average them. I decided that it was important to recognize that multiple scores in a day meant
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that the day’s news could be more important than one article would show, so summing the values
was chosen.
The next noticeable issue with the score was that most scores were positive. To account for this,
I standardized the scores, so that each article was instead scored on how positive it was in
comparison to the average article in the dataset. This allowed for more negative results to be
created and allowed for the dataset to be more well balanced around the mean.
The first factor was created as a simple factor with the standardized value of any given day set to
that day and any days without news were assigned a value of zero. This was created for each
company’s individual set of articles. Throughout the rest of the paper this factor will be known
as the intermittent factor. This is because the sentiment score does not exist in many cases, so the
factor only has an effect on days where news was actually measured. This is the similar model of
the two and does not do anything to address the days that do not have data points.
To deal with the lack of daily news, I decided the best course of action was to decay the most
recent sentiment score towards zero, day over day. When a new datapoint was reached on the
timeline, it was added to the current score, before beginning its own trip towards zero. This
would create a factor that had a value other than zero at every single day. The original form of
the decaying factor was a simple linear model that decreased the absolute value of data points
each day after they were recorded.
I created multiple decay models, including non-linear and linear variants. The final model which
showed the best results was the standardized sentiment score that depreciated nonlinearly. The
model worked similarly to the original linear model, but instead it decreases quickly after the
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first day and then the rate of decay decreases each day after the first. The formulas to calculate
the nonlinear depreciation are shown below.
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑−1
+ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
1 + |𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑−1 |

SentimentScore: The standardize sentiment score for a given date
NonlinearScore: The depreciated sentiment score at a given date

Now that the sentiment factors were complete, I ran the CAPM, Fama & French 3 Factor, Fama
& French 5 factor, and the momentum augmented versions of these models to identify the
current adjusted R2 values for my timeframe. I chose to look at adjusted R2 because when adding
a new factor to a model, the normal R2 will almost always increase, so adjusted R2 accounts for
this. I then augmented all of these models with the non-linear and intermittent versions of my
models and scored the adjusted R2 for each model.
Along with recording the adjusted R2 of each model, the Ordinary Least Squares (OLS)
estimates were also calculated and recorded. This was used to look at the coefficients of the
model to help to determine if the added factors were statistically significant predictors of the
return of an asset.
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Results

Model
CAPM
CAPM with
sentiment
CAPM with
sentiment NL
FF3
FF3 with
momentum and
sentiment
FF3 with
momentum and
sentiment NL
FF3with
momentum
FF3 with
sentiment
FF3 with
sentiment NL
FF5
FF5 with
momentum
FF5 with
sentiment
FF5 with
sentiment NL
FF5 with
momentum and
sentiment
FF5 with
momentum and
sentiment NL

Table 1: Adjusted R2 by Company and Model
Company
AMZN
AAPL
GM
GOOG
MSFT
0.331940 0.392991 0.292302 0.445659 0.523722
0.333729 0.374907 0.293679 0.445650 0.509490

FB
0.318759
0.313866

0.331943

0.392764

0.291869

0.445698

0.523750

0.318318

0.411728
0.419874

0.439659
0.419957

0.318130
0.320793

0.515744
0.524300

0.576327
0.566516

0.387715
0.394829

0.419059

0.438820

0.320107

0.524334

0.582550

0.401003

0.418930

0.439218

0.320352

0.524298

0.582162

0.401489

0.412727

0.420042

0.318853

0.516029

0.562029

0.379499

0.411825

0.439263

0.317799

0.515938

0.576532

0.387231

0.463766
0.467759

0.476747
0.476387

0.322110
0.324049

0.554908
0.560317

0.597773
0.602399

0.441554
0.450680

0.464063

0.459124

0.322173

0.555258

0.584226

0.436187

0.463741

0.476371

0.321743

0.555125

0.597797

0.441181

0.468162

0.459006

0.323540

0.560585

0.587740

0.446071

0.467754

0.476013

0.323762

0.560469

0.602557

0.450278
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CAPM Model
𝑅𝑅𝑎𝑎 − 𝑅𝑅𝑟𝑟𝑟𝑟 = 𝐵𝐵𝑎𝑎 �𝑅𝑅𝑚𝑚 − 𝑅𝑅𝑓𝑓 � + 𝐸𝐸𝑖𝑖𝑖𝑖

𝑅𝑅𝑎𝑎 − 𝑅𝑅𝑓𝑓 = 𝐵𝐵𝑎𝑎 �𝑅𝑅𝑚𝑚 − 𝑅𝑅𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

Model
CAPM
CAPM with sentiment
CAPM with sentiment NL

AMZN
0.33194
0.333729
0.331943

AAPL
0.392991
0.374907
0.392764

GM
0.292302
0.293679
0.291869

GOOG
0.445659
0.44565
0.445698

MSFT
0.523722
0.50949
0.52375

FB
0.318759
0.313866
0.318318

The Capital Asset Pricing Model (CAPM) was developed in the 1960’s by William Sharpe and
John Lintner, but it is still commonly used in modern investing and it is the basis for large
amounts of research in the investments field, along with many of the more complex models that I
cover in this paper (Sharpe 1964, Lintner 1965). The CAPM model is a linear model. It estimates
the return on investment of an asset (Ra) based on the risk-free rate of the market (Rf) and the
average expected rate of return of the market (Rm). However, while the model is frequently used
in research, its real-world use has proved minimal. Naturally, while examining the effects of an
additional factor on the Fama & French asset pricing models, I decided to investigate the CAPM
model as well. By adding my factor, I am attempting to include a measure of how investors are
feeling about the company itself.
Overall, the CAPM model was not augmented well by the additional sentiment factors. When
looking at the two different versions of the factor, both the intermittent and the nonlinear
versions improved the adjusted R2 of less than 50% of the models. The model including the
intermittent version of the sentiment score only saw an increase in predictive power when
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looking at General Motors. For every other security, the intermittent sentiment score had a
negative effect on the adjusted R2 of the model it was augmenting.
The nonlinear version of the score had similar results to the intermittent version of the factor.
The nonlinear factor showed improvement in adjusted R2 for two of the six securities, Google,
and Microsoft. When looking at the other four securities, the nonlinear factor failed to increase
the adjusted R2 when augmenting the CAPM model. Along with this, none of the models found
the factors to be statistically significant above the 20% significance level. To conclude, neither of
the sentiment factors were valuable additions to the CAPM model.
Fama & French Three Factor Model
𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

Model
FF3
FF3 with sentiment
FF3 with sentiment NL

AMZN
0.411728
0.412727
0.411825

AAPL
0.439659
0.420042
0.439263

GM
0.31813
0.318853
0.317799

GOOG
0.515744
0.516029
0.515938

MSFT
0.576327
0.562029
0.576532

FB
0.387715
0.379499
0.387231

The Fama & French Three Factor model was developed by Eugene Fama and Ken French and
first published in 1993. Their model uses the same basic linear form that the CAPM model does
and augments it with two additional factors. Their two factors are the Small Minus Big (SMB)
factor and the High Minus Low (HML) factor. SMB is a size factor that accounts for the
expected underperformance of large firm’s securities when compared to those of small and
midsized firms. HML on the other hand helps to account for the expected performance
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differences in growth and value stocks. Combined, they augment the CAPM model to produce a
model that is consistently more predictive than the CAPM model.
This model is considered to be successful overall and it is viewed as a better model compared to
the Capital Asset Pricing Model. The additional included factors help to account for the variation
not explained by CAPM and as a result, the adjusted R2 values for the models are typically
higher than the CAPM will produce.
My research attempts to account for the human element of the price of a security by measuring
the daily sentiment of news articles written about a company. As adjusted R2 is the most
effective way to compare the predictive power of models with a different number of variables. In
the case of my model, we see that my intermittent factor and non-linear factor models saw an
increase in adjusted R2 with three of the six securities I examined. It is also worth noting that the
factor was never statistically significant in any of the models.
The model with the linear factor was the best version of the three models only one time.
However, it is interesting to note that any time the nonlinear factor was outperformed by the
Fama & French model, it was also outperformed by the linear factor. The inconsistent
performance of my models suggests that there is potentially a relationship between news
sentiment and the return of a share. However, my factor does not successfully accomplish that
here.
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Fama French Three Factor Model with Momentum
𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑈𝑈𝑈𝑈𝑈𝑈𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑈𝑈𝑈𝑈𝑈𝑈𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡
+ 𝐸𝐸𝑖𝑖𝑖𝑖

Model
FF3 with momentum
FF3 with momentum and sentiment NL
FF3 with momentum

AMZN
0.418930
0.419059
0.419874

AAPL
0.439218
0.43882
0.419957

GM
0.320352
0.320107
0.320793

GOOG
0.524298
0.524334
0.524300

MSFT
0.582162
0.58255
0.566516

FB
0.401489
0.401003
0.394829

Also known as Carhart’s Four Factor Model, the Fama & French Three Factor Model with
Momentum is an augmented version of the three-factor model, with a fourth factor, momentum
(UMD). Momentum is a factor that accounts for the fact that growing assets are more likely to
keep growing and falling assets are more likely to keep falling. My models would expect to see
an increase in adjusted R2 on top of the increase shown by the momentum factor if my factors are
valuable additions to the existing model.
The intermittent factor improved the adjusted R2 in three of the six models. However, none of the
increases in adjusted R2 were larger than a few tenths of a percent. In general, all of the positive
and negative changes in adjusted R2 were small enough to be negligible without going out to four
or more decimal places. As a result, it is fair to say that the intermittent factor did not have a
noticeable effect on the models it was augmenting.
The nonlinear factor showed an increase in adjusted R2 when augmenting Carhart’s Four Factor
Model in four out of the six securities studied. Similar to the other models, the factor was
typically found to be insignificant at the 20% level. However, the nonlinear factor performed
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particularly well with the Microsoft data. While the factor was still not significant at the 10%
level, it had a p-value of 0.143. Overall, the factor was once again not a particularly valuable
addition to the model.
Fama & French Five Factor Model
𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖
𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡
+ 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

Model
FF5
FF5 with sentiment
FF5 with sentiment NL

AMZN
0.463766
0.464063
0.463741

AAPL
0.476747
0.459124
0.476371

GM
0.32211
0.322173
0.321743

GOOG
0.554908
0.555258
0.555125

MSFT
0.597773
0.584226
0.597797

FB
0.441554
0.436187
0.441181

The Fama & French Five Factor Model is a relatively new model, first published in 2013. It is an
augmented version of the original Fama & French Three Factor Model. It includes two additional
factors, Robust Minus Weak (RMW) and Conservative Minus Aggressive (CMA). RMW
measures the spread between firms with high profitability and those with low profitability. CMA
measures the difference between firms that invest aggressively and those that invest
conservatively. These factors are both added with the hope of eliminating some of the bias and
inconsistencies shown by the Fama & French Three Factor model. However, due to its recent
development, it is not as heavily studied when compared to the three-factor model and the
CAPM model.
Overall, the intermittent factor outperformed the nonlinear factor, but neither were particularly
impressive. The intermittent factor improved the adjusted R2 of the model in three out of the six
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securities. It was not statistically significant in any of the models, but it performed best when
augmenting the model for Google (p-value = 0.184). However, the factor was clearly not a
particularly valuable addition in most cases.
The nonlinear factor improved the adjusted R2 in 2 out of the six cases. The factor was not
significant in any of the linear regressions estimated. Much like when augmenting all the other
models, the factor performed relatively poorly. The factor performs worse when augmenting the
five-factor model in comparison to its performance when augmenting the three-factor model.
This likely means that the addition of RMW and CMA explain some of the same variation that
my sentiment factor does.
Fama & French Five Factor Model with Momentum
𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡
+ 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑈𝑈𝑈𝑈𝑈𝑈𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑅𝑅𝑓𝑓𝑓𝑓 = 𝑎𝑎𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖 �𝑅𝑅𝑀𝑀𝑀𝑀 − 𝑅𝑅𝑓𝑓𝑓𝑓 � + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐵𝐵𝑖𝑖ℎ 𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡
+ 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑈𝑈𝑈𝑈𝑈𝑈𝑡𝑡 + 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡 + 𝐸𝐸𝑖𝑖𝑖𝑖

Model
FF5 with momentum
FF5 with momentum and Sentiment
FF5 with momentum and Sentiment NL

AMZN
0.467759
0.468162
0.467754

AAPL
0.476387
0.459006
0.476013

GM
0.324049
0.32354
0.323762

GOOG
0.560317
0.560585
0.560469

MSFT
0.602399
0.58774
0.602557

FB
0.45068
0.446071
0.450278

Similar to the momentum augmented version of the Fama French Three Factor Model, the fivefactor version remains the same, but with the addition of Carhart’s Momentum factor.
Momentum was left out of Fama & French’s Five Factor model, but because of its prevalence in
asset pricing, this model was also included in the study.
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Similarly, to the basic five-factor model’s results, the sentiment factors perform poorly when
augmenting the five-factor model with momentum. The intermittent factor only increased the
adjusted R2 in two of the six models. The coefficient was also not significantly different from
zero when looking at any of the securities. Overall, the intermittent factor did not provide a
consistent benefit when augmenting the Fama & French Five Factor Model with Momentum.
The nonlinear factor showed similar performance when compared to the intermittent factor. It
increased the adjusted R2 of two of the six models and its coefficient was never statistically
different from zero. The factor did not provide any true benefit when augmenting this model
much like the results for the other models showed.

Discussion of Results
Overall, both the intermittent sentiment factor and the nonlinear sentiment factor performed
poorly across the five asset pricing models and six securities I studied. The only model that
showed an increase in adjusted R2 in more than 50% of the studied securities was the Carhart’s
Four Factor Model augmented with the nonlinear version of sentiment score. However, even in
the cases where the models had a higher adjusted R2 when compared to the basic versions, the
factors were never significant at even the 10% level of significance. As a result, we conclude that
the sentiment factors discussed in this paper are not strong predictors of the daily return on an
investment.
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While I believe there are multiple issues that prevent the research from being perfect, the most
glaring issue is the small sample sizes of each securities articles. The most written about
company from my sources was Facebook, with 318 articles written about them over a five-year
period. In reality, it is unlikely that there was only news about Facebook roughly once a week
throughout the five-year period studied. This is even more glaring when looking at the least
Company
n
common samples. As a result, I think that one of the main issues with my
AAPL
205
AMZN
104
work was the data collection technique used. In a similar study, I believe
FB
318
GM
60
it would be better to not restrict the data collection to a couple of sources.
GOOG
149
MSFT
80
This automatically reduces the quality of the factor and makes the
significance and predictability much more variable. One way to potentially combat this in the
future would be to record the data as it is created through social media, as opposed to using what
is available through an archive. This does create a downside though, as it would take over five
years to complete this same study if starting from scratch today.
Sample size was also an issue in terms of the companies and industries that I looked at. This
study only looked at six companies and with such a small number, it is difficult to definitively
say that the results I have would be the same across all publicly traded companies. In order to
better study the relationship between news sentiment and the returns of an asset in the context of
common asset pricing models, I believe it would be best to look at all companies included in the
Nasdaq Composite Index. This would help to give a better overview of how a similar factor
would be able to perform across all commonly traded securities. Along with the generally
improved sample, this would allow for the differences in industries to be studied. My work
looked mainly at the five largest technology companies in the United States, along with General
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Motors. As a result, it is difficult to distinguish if there are differences in the value of sentiment
between industries.
Another potentially valuable change for future studies would be to use a more complex sentiment
algorithm. The research shows that random forest and SVM sentiment classifiers tend to
outperform naïve bayes models for financial sentiment analysis. However, while Textblob does
have a good track record with measuring news sentiment, it does not use SVM or random forest
classification models. Training a separate model to be used specifically for financial texts could
be able to better measure the positivity and negativity of articles relating to financial securities.
While this would take a large amount of time, it would likely be much more accurate.
Overall, if I were to restart this project today, I would make my main focus the manner in which
data was collected. I believe a larger dataset would have been more indicative of the actual daily
news sentiment compared to the data that I gathered. This would also allow for a better sentiment
score to be developed, using more sophisticated techniques. Along with this, I would increase the
size of the study, so that more securities are included. These three changes would increase the
quality of the study as a whole and increase the value of it greatly.

Conclusion
While there was a considerable amount of work put into this project, the data quality issues seem
to have been significant. My results go against the commonly accepted literature and finds that
sentiment is not a valuable addition to common asset pricing models. As a result, I believe that
more research is needed to be done to better understand the relationship I examined. In the
future, attention should be paid to the techniques used for gathering data and calculating the
sentiment scores. Doing so will likely lead to much more consistent and valuable results.
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Appendix
Oridnary Least Squares Estimates
Facebook
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Microsoft
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